


































 Over the past two decades, epidemiological research has been expanding to explore the 
relationships between individual exposure to air pollutants and the negative effects that it may have on 
human health. Complex pathways including host metabolites and gut microbiota are involved in the 
burden air pollution places on individuals, and these pathways are not yet well understood. We 
employed a set of simple analyses to investigate these relationships in a diverse sample of adults from 
the 2015 China Health and Nutrition Survey (CHNS). We used a series of analyses, which accounted for 
covariates such as gender and geography: first, we used descriptive statistics to investigate the 
relationship between cooking fuel usage and gut microbiota in 2,798 individuals; and then used random 
forest models to investigate the relationship between a 6-category household air pollution variable 
(household smoking exposure vs none and the use of different cooking fuels) and diet and metabolite 
data in 308 individuals. The original hypothesis proposed for this analysis was that household air 
pollution via the combustion of domestic cooking fuels could be used to explain some of the variation in 
the gut microbiota of adults in the CHNS dataset. Descriptive analyses indicated a diverse dataset, 
however with high geographical variation in the gut microbiome and too few individuals using each 
cooking fuel type per province, further analyses were underpowered. Similarly, four random forest 
models using host metabolites, diet, and other important covariates showed low predictive accuracy of 
household air pollution exposure in a 6-category variable both overall (45-55% in each model) and 
across classes of the 6-category measure (0-75%). Random forests also had lower predictive accuracy in 
classes of the 6-category variable with fewer individuals contained in them (lower sample size). While 
the original hypothesis and planned analyses could be useful in determining potential future areas for 
research, the CHNS data is overall underpowered for dissecting the relationships between household air 
pollution, host gut microbiota and plasma metabolites, and important covariates.  






 The urbanization process includes a shift from “dirty” cooking fuels such as charcoal, wood, and 
straw (solid cooking fuels that produce high pollutant levels in their smoke when combusted) to “clean” 
cooking fuels like liquid petroleum gas (LPG) that produce fewer pollutants when combusted. Due to its 
recent and rapid urbanization, China provides an outstanding setting to examine the health effects of 
these changes in cooking fuels.  Over the past two decades, epidemiological research has been 
expanding to explore the relationships between individual exposure to air pollutants and the negative 
effects that it may have on human health. Fine particulate matter (PM) due to smoke from a number of 
sources and other pollutants such as carbon monoxide and nitrogen dioxide contribute to indoor 
household air pollution (HAP) with links to worse health outcomes. Secondhand smoke in the household 
and the burning of different types of fuels for cooking and heating are growing areas of concern for HAP 
in this body of research. Detailed literature has linked cardiovascular disease to increased exposure to 
HAP, including smoking and the combustion of solid cooking fuels (Samet, Bahrami, & Berhane, 2016). A 
2016 systematic review of coronary heart disease and HAP from solid fuel use by Fatmi and Coggon 
show an increased relative risk of coronary heart disease of 2- to 4-fold for those exposed to higher 
levels of HAP (Fatmi & Coggon, 2016). Strong evidence is also available to support the conclusion that 
people with higher levels of HAP are at higher risk for Type 2 diabetes mellitus. An analysis of 10 
separate prospective cohorts found significant associations between PM2.5 (PM under 2.5 micrometers 
in diameter), PM10, and nitrogen dioxide HAP and increased risk of Type 2 diabetes (B. Wang et al., 
2014). A longitudinal cohort of U.S. Veterans in 2016 also showed an increased risk of Type 2 diabetes 
due to PM2.5 exposure, and also used modeling to estimate 3.2 million incident cases of diabetes 
attributed to HAP globally in 2016 (Bowe et al., 2018). Bowe et. al. also found an increased risk of death 




due to PM2.5 exposure in the same 2016 cohort. The collective evidence supports the theory that 
exposure to HAP including PMs and other pollutants from smoking and cooking fuel combustion leads to 
increased risk for negative health outcomes, including cardiovascular disease, diabetes, and death. 
 However, the type of cooking fuel used, including the combustion of solid fuels and “dirty” 
versus “clean” fuels has substantial variation by context; an estimated 40% of households in Africa and 
Asia used solid fuels for cooking and heating in 2010 (Fatmi & Coggon, 2016). This is of particular 
concern in China, where there are high levels of HAP in some areas and substantial differences in the 
exposure to HAP by province / geography and sociodemographic characteristics such as gender and 
income (Nie, Sousa-Poza, & Xue, 2016). Nie et. al. describe the widespread usage of “dirty” cooking fuels 
such as charcoal, wood, and straw (solid cooking fuels that produce high pollutant levels in their smoke 
when combusted) as opposed to “clean” cooking fuels like liquid petroleum gas (LPG) that produce 
fewer pollutants when combusted. This has resulted in a large burden of HAP despite a large body of 
evidence in China citing HAP as a reason for excess disease burden and premature death. In a study 
examining the longitudinal effects of HAP in China, investigators showed that women using “clean” fuels 
like LPG reported better overall health and have fewer negative health outcomes, both acute and 
chronic, than those using “dirty” fuels like charcoal, wood, and straw (Nie et al., 2016).  
 The microbiota and host metabolome of individuals provide insights into the pathways in which 
human health is altered in response to its environment, and other complex interactions at play. Recent 
research is also beginning to explore these fields, and specifically the ways in which the host microbiome 
and metabolome are involved in the physiological interactions between HAP and human health. In a 
recent review of air quality and the gut microbiome, significant differences between the β-diversity 
were detected in human and animal exposure groups (air pollution) and controls in each of six studies; 
however, no consistent patterns in α- or β-diversity were detected. In addition, differences in patterns 




of phyla in the gut microbiota were detected between studies on humans versus (Dujardin et al., 2020). 
Evidence of this trend in human hosts is seen in a number of studies, although limited by cross-sectional 
and cohort designs. In a cohort of Malawian adults, those with higher PM loads due to HAP also had 
higher loads of potentially pathogenic bacteria in their lung microbiome (Rylance et al., 2016). Another 
community-based, cross-sectional study of adults aged 18-45 in Guangdong Province in China found that 
PM pollution in households may increase the risk of Type 2 diabetes and was able to partially explain 
this risk by the diversity in host gut microbiota (Liu et al., 2019). This trend remains evident in Chinese 
adults, whose exposure to HAP and burden of related health effects is high. Gut microbiota and plasma 
metabolites were found to be associated with systolic and diastolic blood pressure in a cross-sectional 
study from China in the last couple of years (Y. Wang et al., 2021). Potential independent links between 
HAP and diet have been hypothesized, however a Chinese study has shown that HAP due to the 
combustion of “dirty” cooking fuels leads to increased systolic blood pressure and found no mediation 
effect due to diet (Bellows, Spiegelman, Du, & Jaacks, 2020). While this area of research continues to 
grow, hypothesized relationships between the complex factors of HAP, metabolites, microbiota, and 
health outcomes continue to be detailed.  
However, while China is a region of the world with a high health burden due to HAP, China also 
has a great within-country diversity. The large country boasts great differences by geography, a number 
of sociodemographic factors, diets, and cooking habits. Previous study using data from the 2015 Chinese 
Health and Nutrition Survey accounted for about 18% of the variation in gut microbiota due to 
provincial/regional geography and also found associations with other host factors such as urbanization 
and diet (Sun et al., 2020). Due to the complexity of the interactions between these factors, gaps in the 
relationships between them remain important for understanding the associated health burden. In this 
analysis, we explored the association between domestic cooking fuel combustion and gut microbiota 
and host plasma metabolites in adults from diverse regions of China. 





METHODS AND RESULTS: 
Survey data:  
These exploratory analyses used de-identified data from the 2015 wave of the Chinese Health 
and Nutrition Survey, which is a prospective, household-based study across 12 provinces and 3 
megacities that vary substantially in geography, health, and a number of other factors such as 
socioeconomics and culture. Informed consent was obtained from all participants, and ethical treatment 
of participants was approved by Institutional Review Boards at the University of North Carolina at 
Chapel Hill and the National Institute for Nutrition and Health, Chinese Center for Disease Control and 
Prevention. Individual-level data (physical, longitudinal, dietary, microbiome, and metabolome data) and 
household-level data (cooking fuel, smoking, other covariates) were all included. Some community-level 
data were also included, such as the urbanization index of individuals which is a scaled score that 
indicates the level of urbanicity and increases as urbanicity increases. This measurement has been 
tested for reliability and validity and was developed in China for use in studies of health in adults (Jones-
Smith & Popkin, 2010). Data were restricted to individuals who were in the 2015 wave of the survey 
when microbiome samples were collected; were not duplicate observations; had non-missing primary 
and secondary cooking fuel data; did not have a compromising condition for gut microbiota (pregnant, 
ever had a bowel disorder or removal, used antibiotics in the past 6 months, or had diarrhea); and were 
not missing essential covariates for analysis. The number of individuals excluded for missing each 
covariate are as follows: smoking status (n=283), income (n=84), education (n=22), average time spent 
cooking (n=19), caloric intake (n=11), calories consumed away from home (n=11), alcohol usage (n=4), 
urbanization index (n=1), and gender (n=1). In total, this left 2,798 individuals in the dataset for the first 
set of analyses, which were all executed in R and R Studio (version 4.0.2). 






We began with simple descriptive statistics to understand the important covariates in the dataset, 
as well as examine the potential ways to categorize household pollution due to cooking fuel combustion. 
Some households use more than one source of cooking fuel (different purposes, availabilities, etc.) and 
therefore both primary and secondary cooking fuel sources were examined. Table 1 shows a breakdown 
of the important covariates within the included study population.    
Table 1. Characteristics of N=2,798 Chinese adults included in initial cooking fuel analyses. 
Covariate (Units)  
Age (Years) – Mean (std) 51.6 (12.9) 
Income (Thousands of Yuan) – Mean (std) 75.9 (10.2) 
3-day Caloric Intake (Kilocalories) – Mean (std) 1885.0 (623.8) 
Percent of calories consumed away from home (Proportion of total) – Mean (std) 12.0 (20.7) 
Average time spent cooking (Hours) – Mean (std) 4.0 (5.1) 
Urbanization Index (Score out of 100) – Mean (std) 72.8 (17.7) 
Gender (n (%) female) 1431 (51.1%) 
Any alcohol use in the last year (n (%) responding “yes”) 829 (29.6%) 
Education level (n (%) with less than college) 2413 (86.2%) 
Smoking and Gender Combination (n (%))  
Female never smoked 1376 (49.2%) 
Male current smoker 655 (29.6%) 
Male never smoked 343 (12.3%) 
Male former smoker 87 (3.1%) 
Female ever smoked 54 (1.9%) 
 
 The breakdown of primary and secondary cooking fuel sources in the study sample are shown in 
Table 2, further segregated by categorization into “dirty” cooking fuels as informed by previous 
literature (wood/sticks/straw, coal, and charcoal) and other fuels, which are considered to be “clean” for 
our analysis. 
Table 2. Primary and secondary cooking fuel sources of N=2,798 Chinese adults included in initial cooking 
fuel analyses from 2015 CHNS data. 







“Dirty Fuels”   
Wood/Sticks/Straw 220 (8%) 273 (10%) 
Coal 191 (7%) 138 (5%) 
Charcoal 3 (0.1%) 8 (0.3%) 
“Clean Fuels”   
Electricity 957 (34%) 1042 (37%) 
Liquid Petroleum Gas 808 (29%) 554 (20%) 
Natural Gas 593 (21%) 88 (3%) 
Kerosene 21 (0.8%) 29 (1%) 
Other 2 (0.1%) 4 (0.1%) 
Missing 3 (0.1%) 14 (0.5%) 
No Secondary Fuel - 648 (23%) 
 
 Due to high geographical variation in a number of characteristics of the CHNS cohort in general, 
but more specifically due to high geographic variation in both cooking fuel sources as well as gut 
microbiota, it is important to examine the breakdown of cooking fuel usage by type (“clean” vs “dirty) 
and by geographic region (province/megacity of residence, hereby referred to as province) (Table 3). For 
this descriptive table, we also group users into the categories of using any coal as cooking fuel (primary 
or secondary), using any wood, using any charcoal, or not using any of these “dirty” fuels and also using 
a “clean” fuel as either their primary or secondary source.   
Table 3. “Dirty” and “clean” primary or secondary cooking fuel usage and geographic region residence of 
N=2,798 Chinese adults in initial cooking fuel analyses. 
Province Total Wood Coal Charcoal Clean Only 
Overall 2,798  493 328 11 1,997 
Beijing 121 0 1 0 120 
Liaoning 130 32 2 0 98 
Heilongjiang 230 95 29 1 112 
       Shanghai 130 1 8 0 120 
Jiangsu 139 26 4 0 108 
Zhejiang 125 24 4 0 97 
Shandong 121 10 10 0 102 
Henan 310 19 113 0 190 
Hubei 125 33 4 2 87 
Hunan 361 24 38 3 295 
Guangxi 373 104 13 0 256 




Guizhou 256 24 75 2 157 
Yunnan 115 31 6 1 78 
Chongqing 132 17 5 1 110 
Shanxi 129 53 16 1 67 
 
 The distribution of cooking fuels by geographic region is informative for potential analyses 
regarding cooking fuel. As seen in Table 2, each of the “dirty” cooking fuels is used by 10% or less of the 
overall sample as a primary cooking fuel, and similarly for use as a secondary cooking fuel. This led us to 
consider combining the “dirty” fuels into a single category and comparing them to use of “clean” fuels 
only. However, previous literature in China shows that there is substantial variation in the gut 
microbiome that may be explained by geography (Sun et al., 2020). This provides an additional challenge 
in our sample because when broken down by region, as seen in Table 3, this sample of adults is also 
geographically diverse (as intended in the CHNS sampling) and also has varying distributions of cooking 
fuel use. Within any given province, there may be greater numbers of cooking people who use coal 
versus wood versus clean fuel, or in fact there just may be very few who use any type of “dirty” fuel due 
to being less common and only having as few as 115 people in a region. With this lack of variation in 
cooking fuel usage and of sheer numbers of cooking fuel usage within the category, it is difficult to 
analyze the variation in cooking fuel usage and the gut microbiome while controlling for the important 
covariate (or potential confounder) that is province. Within-province analyses such as stratified analysis 
is difficult due to low numbers for the same reason. This overall led us to the conclusion that the initial 
plans for cooking fuel analyses were “underpowered”, in that we do not have the number of people 
who meet each “dirty” cooking fuel category we planned to use within each province. This led us consult 
an expert in environmental exposure to HAP to see what the best way of capturing HAP with our 
available data could be, and how meaningful different categorical variables may be when collapsing 
multiple cooking fuels to increase the number of individuals in each “bin”. 





Defining a new measure of pollution: 
 The original hypothesis proposed for this analysis was that HAP via the combustion of cooking 
fuels could be used to explain some of the variation in the gut microbiota of adults in the CHNS dataset, 
which could be useful in determining potential future areas for research in this relationship. However, 
the underpowering of our original exposure variable led to its re-defining after consulting with an 
expert, Dr. Leena Nylander-French from UNC-Chapel Hill’s Gillings School of Global Public Health’s 
Department of Environmental Science and Engineering, who regularly works in household air pollution 
and related health outcomes. While the general conclusion to collapse exposure into “dirty” versus 
“clean” fuels remained, two other major revisions were undertaken to create a new explanatory 
variable for HAP.  
The first was to introduce smoking as part of the binning of individuals into the HAP categories. 
While this did not help increase the number of individuals into categories for analysis, it was regardless a 
necessary step due to the importance of second hand smoke within a household in HAP exposure and 
the pathways for HAP to effect human health (as is done in other relevant literature) (Samet et al., 2016; 
United States Department of Health and Human Services, 2006). In fact, we decided to utilize household 
smoking (exposure to smoking via any person in the household, rather than just personal smoking 
behavior) as the added measure of HAP exposure.  
The other major revision was to also explore host plasma metabolites in associations with HAP. 
Both Dr. Nylander-French and relevant literature cite strong associations between host metabolites and 
HAP, yet little variation in metabolites due to geography have been observed in the CHNS population 
(Menni et al., 2015; Y. Wang et al., 2021). Therefore, we decided to plan for analyses which took into 
account both the previously mentioned covariates and population, and host plasma metabolite data. In 




addition, because of the strong relationships between metabolites and dietary influences, diet variables 
available were also introduced into the dataset. Fasting blood samples collected by clinicians followed 
the protocol previously described in Wang et. al. and 1,104 detected and quantified metabolites were 
included for analysis after base-10 logarithmic transformation (Y. Wang et al., 2021). Food groups were 
categorized and included as binary variables for presence in the diet of each individual for 45 total 
included dietary category variables. 
This led to exploring multiple potential categorical HAP exposure variables for use in the new 
analysis plan that may be useful or meaningful, despite the continued “underpowering” effect of having 
few individuals in each category (and in fact even less in the new population including those with 
metabolite data). The resulting HAP exposure variable was a 6-category variable combining household 
smoking statues and cooking fuel usage for use in a new analysis plan including metabolites, diet, 
covariates, and HAP exposure. Metabolites were collected on a substantially smaller number of 
individuals within the larger CHNS cohort than the microbiome. Therefore, once we included individuals 
with metabolomics data, and those with non-missing values for this new variable our total sample size 
was only 308 individuals. The distribution of the new HAP exposure variable for these 308 individuals is 
described in Table 4 below. An important aspect of this variable is that the groups that include no 
smoking in the household are primarily female and also have more hours per week cooking which may 
bias these groups towards a higher level of exposure and should be accounted for in any conclusions 
reached. 
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Random forest models to predict HAP: 
 With a sample size of only 308 individuals, split across 6 categories and having over 1,000 
metabolites measured, we were still underpowered, especially after controlling for multiple 
comparisons, to test for individual associations between each metabolite and HAP exposure. Therefore, 
to explore how well HAP exposure determines metabolic variation in individuals, we first aimed to 
explore how closely associated the 6-category HAP exposure and host metabolites are, especially in the 
presence of other factors that we know are important for predicting variation in cooking fuel usage and 
smoking status such as geography, sex, age, and other covariates. To do this, we used random forest 
models in the caret package from R to predict the HAP exposure category. The following four models 
were run: 
1. Predict 6-category HAP exposure using only covariates (age, sex, province, alcohol usage, 
household income, education level, urbanization index, and caloric intake) 
2. Predict 6-category HAP exposure using covariates and diet (binary food group categorizations) 
3. Predict 6-category HAP exposure using covariates, diet, and metabolites (all 1,104) 




4. Predict 6-category HAP exposure using covariates, diet, metabolites, and other cooking 
variables (categorical cooking hours per week – none, less than median, or more than median – 
and percent of calories consumed away from home) 
Each random forest model was run using the repeated cross-validation method with 10 folds, 
repeated 5 times each. The evaluation metric was accuracy, or the ability of the model to correctly 
predict the HAP exposure category of each individual and is depicted below in Table 5. Table 6 shows 
the top 5 variables included in the model by variable importance, which is determined by the mean 
decrease in accuracy when each variable is removed.   
Table 5. Accuracy of predicting classes of HAP exposure in 4 random forest models of covariates, diet, 
and metabolite data in N=308 Chinese adults. 





Model 3 (+ 
metabolites)* 
Model 4 (+ other 
cooking variables)* 
Overall - 45% 55% 45% 45% 
No Household Smoking; 
“Dirty” Primary Fuel 
21 10% 25% 0% 0% 
No Household Smoking; 
“Dirty” Secondary Fuel 
77 51% 57% 49% 51% 
No Household Smoking; 
Clean Fuels Only 
91 63% 69% 73% 75% 
       Any Household Smoking;       
       “Dirty” Primary Fuel 
19 0% 16% 0% 0% 
Any Household Smoking; 
“Dirty” Secondary Fuel 
40 32% 37% 20% 20% 
Any Household Smoking; 
Clean Fuels Only 
68 40% 60% 40% 38% 
*Model 1 – Includes age, sex, province, alcohol usage, household income, education level, urbanization index, and caloric intake 
Model 2 – Includes variables from Model 1 plus diet (binary food group categorizations) 
Model 3 – Includes variables from Model 2 plus metabolites 
Model 4 – Includes variables from Model 3 plus other cooking variables (categorical cooking hours per week – none, less than 
median, or more than median – and percent of calories consumed away from home) 
 
Table 6. Top 5 variables by accuracy-based importance in each of 4 random forest models of covariates, 
diet, and metabolite data predicting HAP exposure in N=308 Chinese adults. 
Model 1 Model 2 Model 3 Model 4 














3. Household income 3. Nonleafy vegetables 3. Cotinine (tobacco 
metabolite) 
3. Province 






5. Caloric intake 5. Household income 5. Unnamed 
Metabolite (Compound 
ID #46368) 
5. Polyunsaturated acyl 
carnitine (fatty acid 
metabolite) 
 
 The results of the random forest models were low accuracy in predicting HAP exposure class 
both overall (45-55% in each model) and across classes (0-75%). Classes with smaller sample sizes such 
as those with “dirty” primary cooking fuel sources had lower accuracy (n=19-21, 0-25% accuracy range) 
than those with larger sample sizes such as the class with no household smoking and clean cooking fuel 
only (n=91, 63-75%). The addition of dietary indicator variables increased accuracy (from 45% in Model 1 
to 55% in Model 2), but model accuracy then dropped back to 45% in Models 3 and 4, which included 
metabolites. It is difficult to distinguish whether this is due to random fluctuation in accuracy due to 
small sample sizes or due to model characteristics. Table 6 indicates that Model 2 also saw the 
importance of dietary indicator variables (leafy and nonleafy vegetables) in addition to similar covariates 
of importance in Model 1, whereas the inclusion of metabolites in Models 3 and 4 show metabolites and 
province have the highest variable importance.  
 
DISCUSSION: 




 The revised HAP exposure variable with 6 categories was intended to be less clouded by 
variation due to province, since we know province to be so strongly linked with microbiota and cooking 
fuel. It was also intended to better capture measures of HAP exposure and increase the ability to detect 
variation being explained by HAP exposure in relationship to metabolites, diet, and other covariates. The 
variable importance of covariates included in models 3 and 4 are promising because they are consistent 
with our expectations of province and fatty acid metabolites both being related to HAP (Miller et al., 
2016; Mu et al., 2019; Y. Wang et al., 2021). However, other metabolites we might expect to see based 
on the current literature were not present in those with high variable importance (Miller et al., 2016; 
Mu et al., 2019). More importantly, the random forest models show that the accuracy of these 
predictive models was still too low. This may be due to low power in certain categories bringing down 
the overall predictive power of the models. While accuracy in classes 2 and 3 of the 6-category variable 
(the two largest in size) ranged from 49-75%, the classes 1 and 4 (the two smallest in size) ranged from 
just 0-25%. The overall accuracy of the model was 45-55%, which is the equivalent of a coin flip or worse 
in correctly predicting the class of an individual based on the covariates provided. This shows that these 
models and our analysis plan still did not have the “power” statistically needed to detect differences in 
variation and to dissect the relationships between these variables. This was also the problem that 
occurred when originally looking at measures of HAP exposure and gut microbiota. In neither case have 
further analyses to examine the relationship been conducted due to this underpowering effect of the 
nature of the data.  
 While there is therefore little left to decipher from these analyses based on an underpowered 
dataset for these analyses, this work remains of interest to the field and the dataset does possess 
unique attributes that make it promising for such work. One potential next step for this research is to 
produce more refined models that explore pathways or mediations between the diet and metabolites in 
the presence of HAP, or to try and use other methods to capture diet as it relates to metabolites, HAP, 




and health outcomes. However, further consultation of the literature and methods appropriate for 
these analyses is required, alongside evaluation of the ability of this dataset to answer those questions. 
New data collection or other settings may also provide the context in which these research questions 
might be answered. 
 
CONCLUSION: 
The relationship between host gut microbiota, plasma metabolites, and HAP exposure are of 
growing interest to environmental health researchers attempting to dissect the pathways in which they 
interact to influence human health. Although CHNS data from 2015 provided the potential to explore 
these relationship, descriptive statistics show that the data are underpowered to explore the 
associations between HAP exposure and the gut microbiome in this sample. Similarly, a HAP exposure 
variable that also takes into account secondhand smoking exposure and attempts to explore the 
associations between this and diet and host plasma metabolites is also underpowered from this sample, 
as indicated by the predictive accuracy of random forest models. Further research should consider 
whether the CHNS data are capable of answering questions related to the associations between HAP via 
cooking fuel and human health using statistical methods due to sample size limitations. 
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